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ABSTRACT
Evaluating Factors Influencing Transportation-Related Energy
Consumption
Amrit Williams
This thesis contributes to the literature assessing the relationships between travel patterns,
transportation-related energy consumption, and urban form. Although the literature has explored
several area-related and other factors, the focus has mainly been on urban areas. This research
aims to (1) quantify the relationship of transportation-related energy consumption with urban
form, (2) explore how individual attitudes might affect consumption, and (3) explore differences
in consumption among different socioeconomic and demographic population groups.
Data collected from an online survey targeting adults in the contiguous U.S. supplemented with
secondary spatial data were used to address the research goals. The collected sample was
distributed across metropolitan, micropolitan, and rural areas in the contiguous U.S. and was
representative of the population in terms of age and gender. A transportation energy calculator
was created to estimate the annual transportation-related energy consumed in British Thermal
Units (BTU), using information collected on all transportation mode usage. Additional data on
land use and the built environment were retrieved and linked with the individual responses using
residence location information.
The results suggest that urban form and attitudinal factors are consistently and strongly
associated with total, Driving, and shared transportation mode energy consumption, even when
the effects of different socioeconomic and demographic characteristics as well as travel
behaviors are considered. This research can elucidate the interactions between accessibility, land
use, and other area characteristics, rurality, and transportation-related energy consumption. With
this understanding, the findings of this research can inform policy and land-use and other
planning decisions that can both reduce carbon footprint and help transport disadvantaged
populations to reduce energy consumption, and thus, transportation costs.

ACKNOWLEDGEMENTS
I would like to sincerely thank my research advisor Dr. V. Dimitra Pyrialakou for her immense
support throughout this thesis project and my time as a Master's student here at West Virginia
University. Without her constant feedback, support and encouragement, I would not have been
able to complete this thesis. I would also like to thank my thesis committee members Dr. Kakan
Dey and Dr. David Martinelli, for serving on my thesis committee and for their important inputs
and suggestions for this project.
I would also like to thank my uncle Clement Solomon and aunt Pauline Solomon, who have
supported me since my first day as an undergraduate in this institution till now, I could not have
made it this far without their help for which I'll forever be indebted to them.
Finally, I'd like to thank my parents and my loving sister for their unconditional love and
support. I dedicate this thesis to them.

iii

Table of Contents
1

Introduction ............................................................................................................................. 1

2

Literature Review.................................................................................................................... 3

3

Data ......................................................................................................................................... 7

4

5

6

3.1

Survey and Questionnaire Design .................................................................................... 7

3.2

Data Collection and Final Sample.................................................................................... 9

3.3

Supplemental Data ......................................................................................................... 11

3.3.1

Energy Calculator Inputs ........................................................................................ 11

3.3.2

Energy Calculator Outputs ...................................................................................... 13

3.3.3

Geospatial Data ....................................................................................................... 15

Methodology ......................................................................................................................... 17
4.1

Methodology Overview.................................................................................................. 17

4.2

Multiple Regression Analysis ........................................................................................ 18

4.3

Goodness of Fit .............................................................................................................. 19

4.4

Multicollinearity ............................................................................................................. 19

4.5

Model Specification Process .......................................................................................... 20

Empirical Results .................................................................................................................. 21
5.1

Data Refinement ............................................................................................................. 21

5.2

Variable Descriptions ..................................................................................................... 22

5.3

Model 1: Total Transportation-Related Energy Consumption....................................... 25

5.4

Model 2: Driving Transportation-Related Energy Consumption................................... 30

5.5

Model 3: Shared-Modes Transportation-Related Energy Consumption ........................ 34

Concluding Remarks ............................................................................................................. 38

References ..................................................................................................................................... 41

iv

List of Figures
Figure 4-1: Methodology Overview ............................................................................................ 17
Figure 5-1: Histogram and Descriptive Statistics of The Total Energy Consumption ................ 25
Figure 5-2: Histogram and Descriptive Statistics of The Driving Energy Consumption ............ 30
Figure 5-3: Histogram and Descriptive Statistics of The Shared-Modes Energy Consumption . 34

List of Tables
Table 2-1: Literature Summary ...................................................................................................... 6
Table 3-1: Final Data Sample Characteristics.............................................................................. 10
Table 3-2: Miles per Gasoline Gallon Equivalent per Passenger by Source ............................... 11
Table 3-3: Geospatial Data Variables and Respective Data Sources ........................................... 15
Table 5-1: Description of All Independent Variables Included in the Models ............................ 23
Table 5-2: Descriptive Statistics of Independent Variables Used in Model 1: Total Energy
Consumption ................................................................................................................................. 26
Table 5-3: Parameter Estimates of Model 1: Total Energy Consumption ................................... 27
Table 5-4: Descriptive Statistics of Independent Variables Used in Model 2: Driving Energy
Consumption ................................................................................................................................. 31
Table 5-5: Descriptive Statistics of Categorical Independent Variables Used in Model 2: Driving
Energy Consumption .................................................................................................................... 31
Table 5-6: Parameter Estimates of Model 2: Driving Energy Consumption ............................... 32
Table 5-7: Effect Tests for Categorical Independent Variables of Model 2: Driving Energy
Consumption ................................................................................................................................. 33
Table 5-8: Descriptive Statistics of Independent Variables Used in Model 3: Shared-Modes
Energy Consumption .................................................................................................................... 35
Table 5-9: Parameter Estimates of Model 3: Shared-Mode Energy Consumption...................... 36

v

1 Introduction
Transportation as a sector contributes towards a little over one-fourth of the total energy
consumption in the United States (U.S.) (Bureau of Transportation Statistics, 2021), of which 5060% is consumed by passenger transportation. Therefore, understanding the key factors that
contribute to personal transportation-related energy consumption at an elemental level could help
reduce transportation energy consumption in a systemic way by guiding policy and planning. For
the purpose of this thesis, energy consumption can be defined as the energy used by an
individual to travel through the span of a year for their day-to-day activities (typically inter-city)
and long-distance travel.
Literature that attempts to identify the factors that affect travel behavior, including mode choice
and travel distance, I plentiful and has been conducted for decades. On the contrary, the topic of
transportation-related energy consumption or emissions is relatively understudied. Although the
topic started attracting research even before the 2000s (see, for example, Newman & Kenworthy,
[1989]), research has not been substantially expanded or progressed over the years. Research has
identified some factors of interest, including urban form, travel behavior, socioeconomic and
demographic characteristics, and individual attitudes. Nevertheless, the relationships between
these factors and energy consumption or emissions have not been fully explored (Song, Diao,
and Feng, 2016). Further, the few existing studies often find contradicting results. For example,
Liu and Shen (2011) did not find a direct link between urban form and energy consumption,
while other studies (such as Song, Diao, and Feng, [2016]) did. Additionally, although it makes
intuitive sense and there is evidence that individual attitudes can have an effect on consumption
(Hickman and Banister, 2007), most studies have not explored the association between attitudes
and consumption.
Some of the discrepancies among studies may be a result of data limitations. From a review of
the literature, it can be inferred that urban form characteristics have not been well-measured in
much of the research. Some studies, for example, focus only on very few characteristics and do
not explore all urban form dimensions. Further, many of the studies have not measured urban
form at the neighborhood level but did so at a more aggregate level. Additionally, aspects of land
use and direct access to specific locations (such as grocery stores and hospitals) have not been
explored.
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In addition, as with most transportation-related literature, research on rural areas or the effects of
rurality (or urbanity) levels is underrepresented. Our literature review did not find any studies
that explicitly considered rurality. Along the same lines, most research focuses on one region and
does not extend to multiple regions or a country. In the U.S., literature has explored energy
consumption or emissions in California, Baltimore, Boston, and several other large areas but has
not investigated energy consumption in the whole U.S. Some recent research exists but explores
transportation-related energy consumption at the aggregate level (Kaza, 2020).
This research attempts to address these gaps by focusing on the following research objectives:
(1) quantify the relationship of disaggregated transportation-related energy consumption with
rurality and other accessibility and area-related factors capturing urban form,
(2) explore how individual attitudes might affect consumption,
(3) explore differences in consumption among different socioeconomic and demographic
population groups.
A data set that included data collected from an online survey targeting adults in the contiguous
U.S. supplemented with secondary spatial data was used to address the research goals. The
collected sample was distributed across metropolitan, micropolitan, and rural areas in the
contiguous U.S. and was representative of the population in terms of age and gender. A
transportation energy calculator was created to estimate the annual transportation-related
gasoline-equivalent gallons consumed and energy consumed in BTU (British thermal unit) and
the transportation-related pounds of CO2 emitted, using information collected on all
transportation mode usage. In addition to travel behavior and mode usage, data related to
attitudes on several related topics were collected from the respondents. Further, additional data
pertaining to urban form were retrieved and linked with the individual responses using residence
location information. Several measures that capture many of the dimensions of urban form were
calculated at the neighborhood level.
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2 Literature Review
Although a vast body of literature explores the relationships among individual-level travel
behavior (such as vehicle miles traveled and mode usage) and urban form, socioeconomic and
demographic characteristics, and other area factors, literature focusing on energy consumption or
emissions is scant. Table 1 below summarizes the most influential to this study research work of
the last decade.
In a well-cited working paper, Hickman and Banister (2007) were among the early studies that
found evidence that supported the hypothesis that urban form characteristics, such as population
size and density and job and housing balance, are strongly associated with individual
transportation-related energy consumption. The study analyzed individual commuting travel data
collected through a household survey in Surrey, U.K. Further, the study verified that individuals
and their households' socioeconomic and demographic characteristics (e.g., gender, income,
automobile ownership) are strongly associated with energy consumption and explained a large
part of the variation of the dataset. However, their analysis did not find strong evidence to
support the hypothesis that an individual's age or the number of children in a household are
strongly associated with energy consumption. Furthermore, the authors found that attitudinal
factors can be strongly associated with energy consumption. Nevertheless, the data used had
some limitations, and the discussion included in the publication did not provide many insights
into the relationships between attitudes and energy consumption. The authors believed that their
findings have multiple planning and policy implications that support the idea of a thoughtfully
planned "smart growth" of areas. For example, they suggested that "pepper potting" of new
households can no longer be an option. Instead, new household locations should be decided in a
coordinated manner in relation to settlement size, distance from urban centers, the density of
development, and transportation and transit networks (Hickman & Banister, 2007).
In another related study, Brownstone and Golob (2009) used the California subsample data of the
National Household Travel Survey (NHTS) to investigate specifically the impact of urban sprawl
(or low density) on vehicle usage and transportation-related energy consumption at the
household level. The study estimated a system of three simultaneous equations modeling vehicle
usage, driving energy consumption, and residential density. The study's findings suggested that
density and energy consumption are strongly related. The study also found that energy
3

consumption is associated with income, the number of drivers, workers, and children in the
household, race and ethnicity, and education.
In a later study, Liu and Shen (2011) used data from the 2001 NHTS, specifically the Baltimore
metro area add-on data, to empirically examine the effects of urban land use characteristics on
transportation-related energy consumption from driving and household travel using a personal
automobile. Liu and Shen (2011) used linear regression to model personal vehicle miles traveled
(VMT) and structural equation modeling (SEM) to explore the relationships among VMT, urban
form (or built environment characteristics), and energy consumption from driving. Liu and Shen
(2011) found that many socioeconomic and demographic characteristics are associated with
driving energy consumption. Similarly to Hickman et al. (2007), the study found that the number
of automobiles in a household is a strong determinant of consumption. In addition, they found
that gender and vehicle type are also strongly associated with consumption. Nevertheless, the
study findings suggested that urban does not directly affect VMT or driving energy consumption.
However, the authors found a significant negative indirect effect between urban form and
consumption, suggesting that urban form affects household travel and transportation-related
energy consumption, which they hypothesize comes through medicating factors that might relate
to the choice of vehicle type and driving patterns (e.g., speed) (Liu & Shen, 2011). Nevertheless,
as the authors discuss, there is a strong possibility that no direct effect was observed due to data
limitations. Specifically, the study relied only on the limited urban form characteristics reported
in the NHTS data. Therefore, as the authors admit, additional spatial data that capture
neighborhood characteristics should be explored to assess whether a direct relationship exists.
In addition to the studies above, three studies explored similar research questions but modeled
emissions instead of energy consumption. Barla et al. (2011) explored how urban form, transit
supply, and socioeconomic and demographic characteristics might affect transportation-related
greenhouse gas (GHG) emissions, using multiday-multiyear activity-based panel survey data
collected from the greater Quebec City region. To address the research questions, the study
estimated two linear regression models, one accounting for spatial heterogeneity by including
indicators for the different areas (i.e., center, periphery, suburbs new and old) within the
geographic region, and one without addressing this heterogeneity. Like previous studies, urban
form characteristics were explored, focusing on density. The study also explored the roles of
4

transit availability in the area and socioeconomic and demographic factors. The results again
verified that socioeconomic and demographic factors, among which were gender, employment,
age, number of children and adults in the household, income, and driving license ownership are
significant determinants. The models estimated accounted for up to 20% of the variation in the
dataset (the estimated R2 was between 0.17 and 0.20).
In another study, Lee and Lee (2014) examined how urban form and how it influences household
carbon dioxide emissions (residential- and transportation-related) using SEM. The study used
NHTS data for the 125 larger urban areas in the U.S. Like previous studies, urban form,
including highway and transit, characteristics, and socioeconomic and demographic
characteristics, were considered. The results showed that density (specifically, populationweighted density) is strongly associated with transportation-related emissions. Additionally, the
following individual characteristics were found significant: income, household size,
employment, and race. Like Liu and Shen (2011), Lee and Lee (2014) discussed the limitation of
their data related to urban form. Specifically, although the authors used some variables that
described the density and centrality of urban population and polycentral structure of the greater
area, micro spatial structure measures at the neighborhood level (such as land use, diversity, and
connectivity) were not explored.
Finally, in a more recent study, Song et al. (2016) investigated how different factors affect CO2
emissions, accounting for vehicle usage and type of vehicle. The study used 2010 NHTS data for
the Greater Boston area and estimated an SEM. Like Liu and Shen (2011), the authors looked at
the effects of urban form and socioeconomic and demographic characteristics on vehicle usage
(VMT) and emissions. This study was among the first to explore the effect of several additional
urban form variables. Measures across different dimensions of urban form (or built
environment), density, connectivity, land use mix, and infrastructure accessibility were
calculated at the block group level. They also explored the effects of those factors on the choice
of vehicle type and the effect of vehicle type on emissions. Unlike Liu and Shen (2011), the
authors found that the urban form characteristics had a more substantial impact on emissions
than socioeconomic and demographic variables.
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Table 2-1: Literature Summary
Citation

Data

(Hickman &
Banister,
2007)

Household
Surveys and
Supplemental
Data from
Local
Authorities
(Brownstone US NHTS,
& Golob,
California
2009)
Subsample

Methodology
Exploratory
Analysis,
Hypothesis
Testing,
Multiple
Regression
Simultaneous
Equation
Model (3
endogenous
variables)
Structural
Equation
Models

(Liu &
Shen, 2011)

US NHTS,
Add-on data

(Barla et al.,
2011)

Research
Survey: an
activity-based
longitudinal
panel

Linear
Regression
Models

(Lee & Lee,
2014)

US NHTS

Multi-level
Structural
Equation
Modelling

(Song et al.,
2016)

Massachusetts Structural
Travel Survey Equation
(MTS),
Models
MassDOT

Study
Area
Surrey,
U.K.

Research Focus
Explore the relationships between
energy consumption on
commuting trips and urban form
and socioeconomic
characteristics

California, Assesses the relationships among
U.S.
transportation energy
consumption, residential density,
and vehicle usage (i.e., travel
distance)
Baltimore, Explore the interconnections
U.S.
between urban form, travel
choice, vehicle choice, driving
behavior (specifically speed),
travel distance (VMT), and
energy consumption
Quebec
Investigates how urban form,
City,
transit supply, and
Canada
socioeconomic characteristics
affect transport greenhouse gas
(GHG) emissions
125
largest
urban
areas,
U.S.
Greater
Boston
area, U.S.

Investigates the relationship
between urban form and
household carbon dioxide
emissions from transportation
and housing
Investigates how urban form and
socioeconomic characteristics
affect individual transport CO2
emissions, accounting for vehicle
usage and type
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3 Data
3.1

Survey and Questionnaire Design

To address the research questions of this thesis, a questionnaire that could facilitate the data
collection was designed. The questionnaire and all recruiting material were reviewed by the West
Virginia University (WVU) Institutional Review Board (IRB), and the WVU IRB
acknowledgment was obtained (IRB Protocol Number 1909727988).
At the beginning of the questionnaire, the respondents were asked to disclose their ZIP code and
the intersection closest to their home (the exact address of their residence was not asked to
adhere to the IRB rules and privacy protections). Subsequently, the survey instrument included
nine sections that solicited information related to individual travel behavior, attitudes, and
characteristics, as described below.
(1) Area characteristics, accessibility, estimated (perceived) access to specific destinations, and
area satisfaction: This section included questions that solicited information on the perceived
distance of key destinations (i.e., grocery stores, primary care center, and pharmacy) from the
respondents' homes. Additionally, the section included a series of questions that gauged the
respondents' satisfaction with their location and neighborhood with respect to various aspects
and the reasons that contributed to the residential location choice.
(2) Travel characteristics and behavior: This section asked the respondents the number of
vehicles available to their households and the level of impact their vehicle ownership has on
their access to destinations, as well as their driver's license ownership and, for those who held
a license, how much they enjoy driving. A question on the number of crashes they have
experienced during the last three years was also asked. The section also included questions
regarding their daily commute as well as typical weekly travel. Questions on mode choice,
trip frequency, and trip purposes were asked. In addition, the questionnaire collected
information on long-distance trips completed the year prior to the survey through any
intercity surface or air modes (bus, rail, or airplane).
(3) Environmental impact: This section collected specific information on the travel of the
respondents over a typical week using any modes of transportation that could be used to
estimate the transportation-related energy consumption. In terms of the respondents' driving
behavior, the questionnaire asked them to report the typical distance they cover over a week
7

for each vehicle they drive and the respective type of vehicle (year, make, and model) and
fuel type used. In addition, it asked whether the vehicles undergo regular maintenance or not.
The questionnaire also included a series of questions that related to the perceived ability of
the respondents to perform specific actions that can reduce their environmental footprint
(perform regular maintenance, replace their current vehicle with a more fuel-efficient one,
carpool, shift to non-motorized modes or public transportation, or consolidate or cut down
trips). In addition, the questionnaire collected information on the weekly distance traveled
using an alternative to driving modes of transportation (bus transit, urban train, demand
response, ride-sharing, taxicabs, and carpooling or sharing a ride as a passenger). Finally, the
questionnaire asked the respondents to report how much time they had spent traveling longdistance during the year prior to the survey using bus, rail, or airplane (based on which of
these modes they reported that they had used).
(4) Mode choice decision making: This section solicited information on the importance of
different factors that might affect the respondents' mode choice decision making. Factors that
were explicitly asked were the following: cost, travel time, waiting time, reliability, comfort,
convenience, safety, flexibility of travel, excitement/fun, amenities, energy consumption and
pollution emissions.
(5) Environmental consciousness: A series of questions that literature has established in order to
measure an individual's environmental consciousnesses were included in this section. Some
of these questions captured general behavior (such as turning off lights, recycling, etc.), and
some related to transportation. For example, the questions were asked whether they consider
environmental impacts among the most important factors when purchasing products or
making daily decisions. They were also asked how concerned they are about air pollution.
(6) Health and income satisfaction: This section collected information on the respondents'
satisfaction with their income and standard of living, health, and overall life. The
questionnaire also listed several specific medical conditions that have been typically linked
with unhealthy living (such as type 2 diabetes, high blood pressure, high cholesterol, heart
disease and stroke, and others) and asked the respondents to select all conditions that they
have been diagnosed with.
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(7) Physical activity behavior: This section collected information on the respondents' typical
weekly physical activity at different levels (vigorous, moderate, sleeping) and their walking
patterns.
(8) COVID-19 effects on travel: Because the survey was completed during the first wave of the
pandemic, a series of questions related to the pandemic's effect on the respondents' travel
were included in this section.
(9) Socioeconomic and demographic information: The typical socioeconomic and demographic
questions were asked that included all factors that have been explored in the literature in
relation to transportation-related energy consumption (i.e., age, income, education, race,
number of children and adults in the household, and employment). Further, information on
the respondents' marital and disability or impairment status were asked.
Note that for any questions related to typical trip making and travel behavior, the survey included
visible and clear disclaimers that clarified to the respondents that the impact of the pandemic
should be ignored when answering any questions in this questionnaire.
3.2

Data Collection and Final Sample

The data for this project were collected through an online survey that used the questionnaire
described in the previous section. The survey was distributed by a private third-party company
called Kantar. The target population for the survey was residents of the contiguous U.S. who
were 18 years of age or older. The survey was conducted in June of 2020. There was a set quota
that represented the gender and age of the U.S. population to ensure that the sample was
representative of the U.S. population with respect to these characteristics. The quota was also set
to ensure data collection from areas of different urbanity levels; specifically, the survey initially
targeted equal samples in metropolitan, micropolitan, and rural areas (as defined by the U.S.
Office of Management and Budget [OMB]), respectively. However, due to the lack of volume of
responses from micropolitan and rural areas, the quota was relaxed nearing the end of the data
collection.
Additionally, throughout data collection, responses that were deemed to be fake or could not be
used due to incorrect data entry by a respondent were discarded. The final data set included
2,548 robust responses, 1,127 of which were from respondents residing in metropolitan, 835 in
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micropolitan, and 586 in rural areas. The total sample corresponds to a confidence level of 95%
and a 2% margin of error. The descriptive statistics of the final sample can be seen in Table 2.
Table 3-1: Final Data Sample Characteristics
Total
Variable

Gender

Age

Descriptions

Rural

Freq

Freq

Freq

Freq

Male

48.89%

53.33%

44.50%

46.52%

Female
18-24 years old
25-34 years old
35-44 years old
45-54 years old
55-64 years old
65-74 years old

51.11%
12.47%
17.76%
16.33%
17.07%
16.64%
11.39%

46.67%
14.21%
16.67%
14.91%
19.21%
11.67%
14.21%

55.50%
9.59%
16.44%
19.41%
18.72%
19.52%
9.02%

53.48%
12.75%
20.70%
18.87%
9.77%
21.03%
8.94%

8.34%
0.46%
3.36%
25.03%
21.63%
6.06%
10.78%
21.75%
9.97%

9.12%
0.35%
2.98%
21.14%
21.14%
4.56%
10.79%
25.88%
12.28%

7.31%
0.59%
3.20%
26.39%
22.01%
6.63%
11.12%
21.18%
7.46%

7.95%
0.50%
4.30%
30.46%
22.02%
8.11%
10.26%
14.74%
9.11%

Doctorate
Less than $10,000
$10,000-$24,9999
$25,000-$49,999
$50,000-$74,999
$75,000-$99,999
$100,000-$149,999
$150,000-$199,999
$200,000-$249,999
Over $250,000

0.97%
8.27%
15.80%
27.50%
16.96%
12.67%
9.19%
2.94%
0.97%
1.00%

0.88%
6.67%
11.32%
25.79%
16.93%
15.35%
12.46%
4.04%
1.14%
1.67%

1.42%
8.76%
17.99%
28.28%
17.87%
11.12%
6.86%
2.13%
0.95%
0.71%

0.50%
10.60%
21.19%
29.64%
15.73%
9.77%
6.29%
1.99%
0.66%
0.17%

I prefer not to answer

4.71%

4.65%

5.33%

3.97%

75 plus years old
Grade School
Some High school
Graduated High School
Some College-no degree
Education Technical school
Associate's Degree
Bachelor's degree
Post Graduate Degree

Income

Metropolitan Micropolitan
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3.3

Supplemental Data

3.3.1 Energy Calculator Inputs
A deterministic energy calculator was created for this project. The energy calculator was created
using standard unit conversions obtained from the U.S. Department of Energy for transportation
energy consumption. Energy calculator inputs included an approximation of the length of the
annual travel of an individual using any transportation mode as well as the energy intensity of the
selected transportation modes. Data were collected on the miles driven using each vehicle owned
and traveled on any alternative modes during typical weekly travel and hours spent on intercity
travel over the last year to estimate the length of travel.
First, an estimate of the respondents' average annual fuel consumption on Gasoline Gallon
Equivalent (GGE) was estimated. For each of the alternative transportation modes, the GGE was
found using the Department of Energy's 2020 estimates on "Average Per-Passenger Fuel
Economy by Travel Mode" (U.S. Department of Energy, 2020a). This source provided the miles
per GGE per passenger, which were then added to the energy calculator. The values used in the
calculator are indicated in the table below.
Table 3-2: Miles per Gasoline Gallon Equivalent per Passenger by Source
Transportation
Source
Bus

Miles/GGE/Passenger
26.60

Reference
(U.S. Department of Energy, 2020a)

Urban Train

39.63

(U.S. Department of Energy, 2020a)

Paratransit

9.18

(U.S. Department of Energy, 2020a)

Ridesharing

41.66

(U.S. Department of Energy, 2020a)

Taxi

41.66

(U.S. Department of Energy, 2020a)

Personal Vehicle

27.72 (stdev 7.09)

Survey Data

Air Travel

50.32

(U.S. Department of Energy, 2020a)

Intercity Train

58.93

(U.S. Department of Energy, 2020a)

Intercity Bus

92.57

Estimated (see description below)
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The Department of Energy's source did not provide specific values for Taxis or Ridesharing.
Therefore, these values were estimated at the average value for typical cars: 39.71
Miles/GGE/Passenger. If a respondent carpooled as a passenger but did not know the vehicle
model, the same typical value of 39.71 Miles/GGE/Passenger was used. The values for personal
vehicles were found using the Department of Energy's database of Miles per Gallon based on the
specific vehicle (make, year, and model) (U.S. Department of Energy, 2020b). The vehicle that
the respondent reported was found in the database, and the corresponding fuel efficiency was
inserted into the energy calculator. If the respondent reported the use of an electric vehicle, this
model was also found in the same database. The value for electric vehicles was retrieved in
kWh/100 miles. If the respondent performed regular maintenance on their personal vehicle, the
amount of gasoline consumed was multiplied by 0.96 since maintenance improves gas mileage
by an average of four percent (U.S. Department of Energy, 2020a).
For the rest of the transportation modes, the miles traveled were divided by the
Miles/GGE/Passenger to estimate the Gallons used per week. The numbers were added for all
different transportation modes used on a typical week and multiplied by 52 to obtain the estimate
of gallons per year. The process of estimating the consumption of long-distance travel was
different. For air travel, the respondents entered their flight times aboard for short (0 to 1 hours),
medium (1 to 6 hours), and long flights (longer than 6 hours). Using statistics from the
Environmental Protection Agency, it was assumed that short, medium, and long flights emit
different amounts of carbon dioxide. Conversion factors were used to account for the varying
emissions based on flight time. Short flights were multiplied by a conversion factor of 1, medium
flights were multiplied by a conversion factor of 0.604, and long flights were multiplied by a
conversion factor of 0.703 (U.S. Environmental Protection Agency, 2018). Flight times entered
by the respondents were then converted to miles assuming a conversion of 550 miles per hour.
The average speed of intercity rail and bus was estimated through the calculation of speeds for
different routes (using the reported distances and time to reach a destination) to estimate the
consumption of intercity bus and rail. For intercity buses, the speed was calculated based on trips
offered by the popular private bus company Greyhound (the final estimated speed was an
average of 50 miles per hour). For intercity rail, the speed was calculated for Amtrak mediumand long-distance trips Greyhound (the final estimated speed was an average of 75 miles per
12

hour). In addition, the energy intensity of the intercity bus is not available in the U.S Department
of Energy database. Furthermore, the average fuel efficiency of an indicative current Greyhound
bus model (Prevost X3-45) was used to approximate the fuel efficiency of the intercity bus. The
values were then combined with the passenger miles traveled, and the vehicle miles traveled
reported by the Bureau of Transportation Statistics to identify the Miles/GGE per passenger.
In addition to the average annual fuel consumption estimate, the average energy consumption
expressed in British Thermal Units (BTUs) and the carbon dioxide (CO2) emitted were
estimated. The total GGE per year was multiplied by 120,286 to obtain BTU (U.S. Energy
Information Administration, 2020). The total GGE per year was multiplied by a conversion
factor of 20 (U.S. Department of Energy, 2020c) and added to the pounds of carbon dioxide used
by electric vehicles to determine the total pounds of CO2 per year. The kWh per year from
electric vehicles was multiplied by 3,412 to obtain (U.S. Energy Information Administration,
2020). To determine the total amount of carbon dioxide per year, the number of miles driven per
week in the electric vehicle was multiplied by the kWh/100 miles value, which was then
multiplied by 52 for 52 weeks in a year. This gave the value of kWh per year, which was then
multiplied by 0.99 (U.S. Energy Information Administration, 2020b). This number converts the
value to CO2 emissions per year. Using the Flight Miles per GGE conversion factor, the CO2 per
year from flights was determined.
After an initial exploration of the data, because the distributions of the results among these three
measures were very similar, this thesis modeled only the energy consumption expressed in
BTUs.
3.3.2 Energy Calculator Outputs
The energy calculator estimated three outputs as discussed in the previous section. Herein are the
equations used for the calculations.
First, the fuel consumption in GGE was given based on the following equations:
𝑻𝒐𝒕𝒂𝒍 𝑮𝒂𝒔𝒐𝒍𝒊𝒏𝒆 𝒑𝒆𝒓 𝒀𝒆𝒂𝒓 (𝑮𝑮𝑬)
= 𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑰𝒏𝒕𝒓𝒂𝒄𝒊𝒕𝒚 𝒔𝒉𝒂𝒓𝒆𝒅 𝒕𝒓𝒂𝒗𝒆𝒍 + 𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑷𝒆𝒓𝒔𝒐𝒏𝒂𝒍 𝒎𝒊𝒍𝒆𝒔
+ 𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑳𝒐𝒏𝒈 𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆
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𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑰𝒏𝒕𝒓𝒂𝒄𝒊𝒕𝒚 𝒔𝒉𝒂𝒓𝒆𝒅 𝒕𝒓𝒂𝒗𝒆𝒍
𝐵𝑢𝑠 𝑚𝑖𝑙𝑒𝑠
𝑈𝑟𝑏𝑎𝑛 𝑇𝑟𝑎𝑖𝑛 𝑚𝑖𝑙𝑒𝑠
=(
+
𝐵𝑢𝑠 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛 𝑈𝑟𝑏𝑎𝑛 𝑇𝑟𝑎𝑖𝑛 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛
𝑃𝑎𝑟𝑎𝑡𝑟𝑎𝑛𝑠𝑖𝑡 𝑚𝑖𝑙𝑒𝑠
𝑅𝑖𝑑𝑒𝑠ℎ𝑎𝑟𝑖𝑛𝑔 𝑚𝑖𝑙𝑒𝑠
+
+
𝑃𝑎𝑟𝑎𝑡𝑟𝑎𝑛𝑠𝑖𝑡 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛 𝑅𝑖𝑑𝑒 𝑆ℎ𝑎𝑟𝑖𝑛𝑔 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛
𝑇𝑎𝑥𝑖 𝑚𝑖𝑙𝑒𝑠
𝐶𝑎𝑟𝑝𝑜𝑜𝑙 𝑚𝑖𝑙𝑒𝑠
) × 52
+
+
𝑇𝑎𝑥𝑖 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛 𝐶𝑎𝑟𝑝𝑜𝑜𝑙 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛
𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑷𝒆𝒓𝒔𝒐𝒏𝒂𝒍 𝒎𝒊𝒍𝒆𝒔
𝑀𝐷1
𝑀𝐷2
𝑀𝐷3
𝑀𝐷4
) × 52
=(
+
+
+
𝑀𝑃𝐺1 × 𝑅𝑀𝐹 𝑀𝑃𝐺2 × 𝑅𝑀𝐹 𝑀𝑃𝐺3 × 𝑅𝑀𝐹 𝑀𝑃𝐺4 × 𝑅𝑀𝐹
𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑳𝒐𝒏𝒈 𝒅𝒊𝒔𝒕𝒂𝒏𝒄𝒆
𝑇𝑜𝑡𝑎𝑙 𝐹𝑙𝑖𝑔ℎ𝑡 𝐻𝑜𝑢𝑟𝑠 × 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐹𝑙𝑖𝑔ℎ𝑡 𝑆𝑝𝑒𝑒𝑑
=
𝐹𝑙𝑖𝑔ℎ𝑡 𝑀𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛
𝐼𝑛𝑡𝑒𝑟𝑐𝑖𝑡𝑦 𝐵𝑢𝑠 ℎ𝑜𝑢𝑟𝑠 × 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑡𝑒𝑟𝑐𝑖𝑡𝑦 𝐵𝑢𝑠 𝑠𝑝𝑒𝑒𝑑
+
𝐼𝑛𝑡𝑒𝑟𝑐𝑖𝑡𝑦 𝐵𝑢𝑠 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛
𝐼𝑛𝑡𝑒𝑟𝑐𝑖𝑡𝑦 𝑅𝑎𝑖𝑙 ℎ𝑜𝑢𝑟𝑠 × 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑛𝑡𝑒𝑟𝑐𝑖𝑡𝑦 𝑅𝑎𝑖𝑙 𝑠𝑝𝑒𝑒𝑑
+
𝐼𝑛𝑡𝑒𝑟𝑐𝑖𝑡𝑦 𝑅𝑎𝑖𝑙 𝑚𝑖𝑙𝑒𝑠 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑛
Then, the CO2 emissions were calculated as follows:
𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑢𝑛𝑑𝑠 𝑜𝑓 𝐶𝑂2 𝑝𝑒𝑟 𝑦𝑒𝑎𝑟 = 𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑢𝑛𝑑𝑠 𝑜𝑓 𝐺𝐺𝐸 𝑝𝑒𝑟 𝑦𝑒𝑎𝑟 × 20
Finally, the total energy consumption was calculated based on the following equation:
𝑇𝑜𝑡𝑎𝑙 𝐸𝑛𝑒𝑟𝑔𝑦 𝑝𝑒𝑟 𝑌𝑒𝑎𝑟 (𝐵𝑇𝑈)
= 𝑻𝒐𝒕𝒂𝒍 𝑮𝒂𝒔𝒐𝒍𝒊𝒏𝒆 𝒑𝒆𝒓 𝒀𝒆𝒂𝒓 (𝑮𝑮𝑬) × 120,286
𝐾𝑊ℎ
+ (𝑚𝑖𝑙𝑒𝑠 𝑜𝑓 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 ×
) × 52 × 3,412
100 𝑚𝑖𝑙𝑒𝑠 𝑜𝑓 𝐸𝑉
𝑇𝑜𝑡𝑎𝑙 𝐸𝑛𝑒𝑟𝑔𝑦 𝑝𝑒𝑟 𝑌𝑒𝑎𝑟 𝐷𝑟𝑖𝑣𝑖𝑛𝑔 (𝐵𝑇𝑈) = (𝑪𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏𝑷𝒆𝒓𝒔𝒐𝒏𝒂𝒍 𝒎𝒊𝒍𝒆𝒔 ) × 52 × 120,826 +
𝐾𝑊ℎ
(100 𝑚𝑖𝑙𝑒𝑠 𝑜𝑓 𝐸𝑉 × 𝑚𝑖𝑙𝑒𝑠 𝑜𝑓 𝐸𝑉) × 52 × 3,412
Where, MD1=personal miles driven in work vehicle, MD2=personal miles driven in primary
vehicle, MD3=personal miles driven in secondary vehicle, MD4=personal miles driven in
tertiary vehicle, MPG1,2,3&4=fuel efficiency of the corresponding vehicle, RMF=Regular
maintenance factor, EV= Electric vehicle.
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3.3.3 Geospatial Data
As described in the survey instrument design, the closest intersections to the respondents' homes
were collected. This information was then geocoded with the use of a Geocoding tool
(Geocodio) to obtain the longitude and latitude of the location of the survey respondent.
Geocodio has accuracy scores for all geocoded coordinates that reflect the quality of the match.
The scores are as follows:
•

1: The exact input has been identified and returned

•

0.8: Minor changes have been made to the input

•

<0.6: More significant changes were made to the original input

For this thesis, only scores that were 0.8 or higher were used. Addresses that did not find a
suitable match were manually investigated and corrected based on the respondent's ZIP code and
the use of ArcGIS Pro. The location data were then inputted into ArcGIS Pro software to
calculate the various urban form variables. The type of variables calculated and respective data
sources can be seen in Table 4.
Table 3-3: Geospatial Data Variables and Respective Data Sources
Estimated Variables
Density of selected industry establishments (i.e., supermarkets
and grocery stores, warehouse clubs, convenience stores, fitness,
and recreational sports facilities, general medical and surgical
hospital pharmacies.)
National Walkability Index
Measures of density, employment and housing diversity, urban
design, transit accessibility, and destination accessibility.
Percentage of specific land-use covers including high, medium,
and low intensity developed areas, open space, and other barren,
green spaces, and wetlands.

Source
Reference USA
Smart Location
Database, U.S.
Environmental
Protection Agency
(EPA)
Smart Location
Database, EPA
National Cover
Database (NLCD),
Multi-Resolution Land
Characteristics
(MRLC) Consortium

The above measures were calculated using ArcGIS Pro to describe the urban form in the
neighborhood that the respondents lived for the following two different areas:
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(1) The area that can be accessed within 15 minutes of walking from the intersection given
by the respondent, to capture the immediate neighborhood.
(2) The area within 10 miles of highway network distance from the intersection given by the
respondent, to capture the broader community that a respondent lives in and can be easily
accessed through a personal vehicle.
Both areas were estimated using the existing transportation network that is suitable for the
particular mode of interest (i.e., walking for the area (1) and driving for the area (2)).
The latitude and longitude of the residence locations were further used to identify the
respondents' state. The data were then grouped using different regional classifications of the U.S.
to explore potential heterogeneity in the data.
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4 Methodology
4.1

Methodology Overview

The model transportation-related energy consumption, the research plan was to design and
conduct a survey that collects data related to energy consumption data. This data was then fed
into an energy calculator that gave out annual values for total transportation-related energy
consumption in BTUs.
The methodology for this research is outlined in Figure 1 below.

Data
Collection

Data
Organization

• Survey design
• Planning target groups
• Data preperation
• Data cleanup

Energy
Calculator

• Equations for energy calculator outputs
• Organizing output BTUs

Regression
Analysis

• Multiple linear regression estimation
• Data interpretation

Figure 4-1: Methodology Overview
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4.2

Multiple Regression Analysis

This research models the annual estimate of the individual transportation-related energy
consumption expressed in BTUs. The purpose of the modeling process of this research is
descriptive. The estimated models aim to provide evidence on the relationships between energy
consumption and specific factors (direction and strength) rather than to support a prediction of
future transportation-related energy consumption. Based on the literature, this research explores
how urban form, travel behavior and attitudes, and personal characteristics are associated with
consumption.

𝑌 = 𝛽0 + 𝐸𝑖 𝑋𝑖 + 𝐸𝑗 𝑋𝑗 + 𝐸𝑘 𝑋𝑘 + 𝜀
Where,
𝑌 = 𝐼𝑠 𝑡ℎ𝑒 𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝐸𝑛𝑒𝑟𝑔𝑦 𝑖𝑛 𝐵𝑇𝑈
𝛽0 = 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡
𝐸𝑖 𝑋𝑖 = 𝑈𝑟𝑏𝑎𝑛 𝐹𝑜𝑟𝑚 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠
𝐸𝑗 𝑋𝑗 = 𝛵𝑟𝑎𝑣𝑒𝑙 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠
𝐸𝑘 𝑋𝑘 = 𝐴𝑡𝑡𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠
𝐸𝑙 𝑋𝑙 = 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠
𝜀 = 𝐷𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒 𝑇𝑒𝑟𝑚
The computer Software JMP Pro was used to conduct the regression analysis for this thesis. As
mentioned before, the dependent variable for this equation is the survey respondents'
transportation energy in BTUs. Different variables that captured urban form, travel behavior and
attitudes, and personal characteristics obtained from the survey or the supplemental data were
then used to estimate the linear regression model parameters. The ordinary least squares (OLS)
method was employed to estimate the model.
A t-test is conducted with the null hypothesis that the parameter estimate is zero to determine
whether a relationship exists between an independent variable and energy consumption. Most
variables explored in this model were single continuous or binary (indicator or dummy)
variables. For these variables, the t-test was sufficient to assess whether there is evidence of a
significant association between the independent and the dependent variable, here the energy
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consumption. However, in some cases, the relationship between a categorical variable (nominal
or ordinal) and the energy consumption might be of interest (for example, that might be the case
for attitudinal variables that have been captured using a Likert scale). The ordinal or nominal
effect was then assessed through the estimation of several parameters associated with that effect.
In that case, an effects test was also performed. The effects test assesses whether all parameters
associated with the specific variable are equal (null hypothesis) or different (alternative
hypothesis) than zero.
4.3

Goodness of Fit

The R-squared value was calculated to measure the goodness-of-fit of the estimated models. The
R-squared value indicated the percentage of variance in the dependent variables explained by the
independent variables collectively. In particular, this value measures the scatter of the data points
around a fitted regression line. The model strength was measured on a scale of 0-100%.
However, a small R-squared value does not mean that the estimated model is bad and vice versa.
A good model might have a low R-square value, whereas a biased model might have a high Rsquared value. In addition, studies that try to explain human behavior, same as this thesis, might
have low R-squared values due to higher unexplained variation (Frost, 2017). In addition to the
R-squared, the adjusted R-squared was calculated to account for the change in the degrees of
freedom and the natural increase of the R-squared with each additional variable.
4.4

Multicollinearity

Because the values for the dependent variable were obtained from the same survey that also
provided the values for the independent variables, careful selection of independent variables had
to be done to prevent variables that were used in the energy calculator or closely related variables
to 𝑦 or to each other were not being used in the regression analysis simultaneously. This had to
be done because if such variables were chosen for the analysis, the analysis would be invalid as
one of the conditions required for linear regression is the absence of multicollinearity. In order to
check for multicollinearity, the variance inflation factor (VIF) was estimated. The VIF for each
independent variable Xi can be defined as follows:
𝑉𝐼𝐹𝑖 = 1⁄(1 − 𝑅𝑖2 )
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where 𝑅𝑖2 is the R-squared of a linear regression model with Xi as the dependent variable and the
rest of the independent variables as independent variables of the model. The conservative value
of VIF < 2.5 was used as the cutoff limit to identify potential multicollinearity.
4.5

Model Specification Process

Three models were developed to model (1) the total transportation-related energy consumption,
(2) the driving energy consumption, and (3) the shared mode energy consumption.
Initially, the pool of potential independent variables of interest for each model was identified. As
discussed in the previous section, highly correlated variables were also identified. Furthermore,
special care was taken to identify and exclude from the model endogenous variables to ensure
that the exogeneity assumption is met. For example, the variable of miles of carpool traveled was
excluded from total and shared mode energy models (Models 1 and 3) as it was directly used in
the energy consumption (Y) calculations.
Adequate exploratory analysis was completed to identify the subgroups of variables that had the
highest significance and improved the R-squared and the adjusted R-squared values. Variable
selection was made in a manual manner. First, variables that were not significant in the 90%
interval were removed. Variables from a specific subgroup were first checked together before
removing insignificant ones. For example, all urban form variables were first assessed, then the
travel behavior variables were checked, and so on. The next step was to combine the significant
variables from the multiple subgroups and then further remove variables that had become
insignificant in the 90% level.
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5 Empirical Results
5.1

Data Refinement

Close to 8.1% of the final dataset or about 211 responses were omitted from this analysis
because the responses returned a 0BTU value for total transportation energy consumed via the
energy calculator. Due to many typos with survey responses, many manual entries had to be
done to obtain the geolocation of the residence locations and the fuel efficiency for the vehicles
in the energy calculator.
The data were also grouped into categories based on geographic regions as well as rurality levels
to explore potential heterogeneity in the data. The geographic regions explored were the
following:
Classification (1): West, Mid-west, South, and North East.
Classification (2): Mid-Atlantic, East North Central, East South Central, Mountain, New
England, Pacific, South Atlantic, West North Central, and West South Central.
Classification (3): Far West, Great Lakes, Mid-east, New England, Plains, Rocky Mountains,
South West, and South West.
The areas were also classified as an urban core, suburban, large rural town, or small rural or
isolated rural town, based on a grouping of the 2010 Rural-Urban Commuting Area (RUCA)
codes.
Some of the noteworthy observations with respect to the final data are as follows. The average
distance from home to the grocery store the respondents use for all the respondents in the survey
was 5.4 miles, with a standard deviation of 7.7 miles. In responding to a question about
satisfaction with employment opportunities, a whopping 36.6% of the respondents chose a
neutral stance (3 on a scale of 1 to 5). About 68% of the responses who own a vehicle indicated
that the effect of not owning a vehicle would be extreme. About 40% of the survey respondents
were deemed obese via BMI calculations with the respondents' height and weight.
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5.2

Variable Descriptions

For the analysis, it was decided to group the different independent variables that were being
tested for significance against the dependent variable into five subgroups, as follows:
1) Urban Form Variables (U.F.)
2) Travel Behavior and Travel-Related Attitudes Variables (T.B.)
3) Area Satisfaction Variables (AS) (which were attitudinal variables as well)
4) Health/Activity Variables (H.A.) (which were a part of individual characteristics)
5) Socio-Demographic Variables (S.D.) ((which were a part of individual and household
characteristics)
A total of 48 variables belonging to these five subgroups of variables were used across the three
models estimated. The variable mnemonic and the description can be found in Table 5-1 below.
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Table 5-1: Description of All Independent Variables Included in the Models
Source Code Description
U.F. 1
Indicator of Density: The average industrial jobs per acre within 15-minutes walking from the residential location.
Indicator of Density: The average regional diversity ratio of total employment per population. The measure captures
U.F. 2
the deviation of the area's density from the national average regional density. The area is defined as the area within
15-minutes walking from the residential location.
U.F. 3
Indicator of Land Use: Percentage of developed open space within 10-miles of driving from a residential location.
Indicator of Destination Accessibility: The average proportion of the area's accessibility to employment with respect
U.F. 4
to the total regional employment accessibility. The area is defined as the area within 10-miles of driving from a
residential location.
U.F. 5
The average ratio of low-wage workers within 15-minutes walking from the residential location.
U.F. 6
Logarithmic distance of the grocery store the respondent typically visits.
U.F. 7
Indicator of Rurality: The respondent lives in a Large Rural Town RUCA district.
Indicator of Land Use: Percentage of land covered by open water, woody wetlands and/or emergent herbaceous
U.F. 8
wetlands within 10-miles driving from a residential location.
Indicator of Urben Design: The measure captures the average highway network density in terms of miles of
U.F. 9
automobile-oriented links per square mile within 15-minutes walking from the residential location.
Indicator of Urben Design: The average roadway intersection density of pedestrian-oriented intersections with four
U.F. 10
or more legs per square mile within 15-minutes walking from the residential location.
Indicator of Land Use: Percentage of developed open space within 15-minutes walking from the residential
U.F. 11
location.
U.F. 12
Indicator of Rurality: The respondent lives in an Urban Clusters RUCA district.
UF 13
Indicator of Regional Heterogeneity: West Coast.
The perceived ability of the individual to replace the current vehicle(s) with a more fuel-efficient one(s) (Responses
TB 1
ranged from 5 Strongly Agree, 4 Agree, 3 Neutral, 2 Disagree, 1 Strongly Disagree).
Energy consumption is extremely important (rated 5) to the respondent when choosing a mode for a trip of 50 miles
T.B. 2
or less.
T.B. 3
Respondent makes no trips for social interactions or recreation during a typical week.
Respondent disagrees or strongly disagrees about their ability to use non-motorized modes more often instead of
T.B. 4
driving or carpooling.
T.B. 5
The number of motorized vehicles available in the household is one or zero.
T.B. 6
The respondent uses driving only as a mode for their typical daily commute.
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Source Code

Description

T.B. 7
T.B. 8

Respondent uses any public transit modes for travel during a typical week.
The reported weekly miles of carpool

T.B. 9
T.B. 10

Respondent uses non-motorized modes (walking or biking) for their typical daily commute.
The respondent has a driving license and generally enjoys driving.
The stated importance of waiting time when choosing a mode of transport for a trip of 50 miles or less (Responses ranged from

T.B. 11
T.B. 12
T.B. 13
T.B. 14
T.B. 15
T.B. 16
T.B. 17
T.B. 18
T.B. 19
AS 1
AS 2
AS 3
AS 4
AS 5
AS 6
H.A. 1
H.A. 2
SD 1
SD 2
SD 3

1 Not at all important, 2 Slightly Important, 3 Moderately Important, 4 Very Important, 5 Extremely Important).
Respondent uses ride-sharing services for travel during a typical week.

SD 4
SD 5
SD 6
SD 7
SD 8

The respondent is in possession of a U.S. or equivalent Driver's License.
Respondent uses only driving as a mode for running errands.
The waiting time when choosing a mode for a trip of 50 miles or less is very or extremely important.

Respondent uses fixed-route buses for travel during a typical week.
Respondent makes eight or more trips to school or work during a typical week.
Respondent strongly disagrees about their ability to use public transit more often instead of driving or carpooling.
Respondent uses demand response services for travel during a typical week.
Respondent is very satisfied with the area they live in overall.
Respondent is very satisfied with the pedestrian infrastructure in their neighborhood.
Respondent is satisfied or very satisfied with public transportation services in their neighborhood.
Respondent is satisfied or very satisfied with the access to green space and parks in their neighborhood.
The respondent rated urban settings as one of three important reasons they chose to live in their neighborhood.
Respondent is dissatisfied or very dissatisfied with the access to employment opportunities in their neighborhood.
Respondent rarely or never does any physical activity.
Respondent does not have any of the long-term medical conditions typically associated with an unhealthy lifestyle and obesity.
Gender (1=Male).
The respondent is employed in a permanent full or part-time employment
The respondent is self-employed or retired.
Respondent has two or more transport disadvantage characteristics (among old age, no vehicle or forced-vehicle ownership,
remote living, low income, disability or impairment).
Education level bachelors or higher completed.
Income level below $75,000
Respondent feels that they live comfortably on their present income.
The respondent has been diagnosed with a sensory impairment (vision or hearing) or a phsyical or mobility impairment.
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5.3

Model 1: Total Transportation-Related Energy Consumption

The dependent variable for the first model was the total annual equivalent transportation-related
energy consumption, expressed in BTUs (TBTU). Figure 5-1 below shows the descriptive
statistics of the variable.

TBTU
Summary Statistics

Log[TBTU]
Summary Statistics

Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

63527627
713483041
14854562
92657323
34397931
2307

16.45931
1.5135008
0.0315108
16.521102
16.397518
2307

Figure 5-1: Histogram and Descriptive Statistics of The Total Energy Consumption
As the distribution shown on the left side of Figure 5-2 indicates, the TBTU was heavily skewed,
even after removing the extreme outliers. To ensure that the normality assumption of the linear
regression is not violated, the dependent variable was transformed using a logarithmic
transformation (LOG[TBTU]). The summary statistics of the variable LOG[TBTU] can be seen
in the same figure on the right side.
The descriptive statistics of the variables used in Model 1 are included in Table 5-2. The table
includes all continuous and indicator (or dummy in the form of 0-1) variables.
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Table 5-2: Descriptive Statistics of Independent Variables Used in Model 1: Total Energy
Consumption
Category

Urban Form

Travel Behavior

Area Satisfaction
Health/Activity

Socio-Demographic

Variable
UF 2
UF 3
UF 4
UF 5
UF 6
UF 8
TB 2 (IND)
TB 3 (IND)
TB 4 (IND)
TB 5 (IND)
TB 6 (IND)
TB 7 (IND)
TB 9 (IND)
TB 10 (IND)
TB 12 (IND)
TB 13 (IND)
TB 14 (IND)
TB 15 (IND)
AS 1 (IND)
AS 4 (IND)
HA 1 (IND)
HA 2 (IND)
SD 1 (IND)
SD 2 (IND)
SD 3 (IND)
SD 4 (IND)

Mean
0.055
937.401
0.004
38.312
0.951
0.071
0.109
0.150
0.530
0.410
0.677
0.114
0.195
0.648
0.115
0.929
0.890
0.377
0.378
0.701
0.124
0.515
0.478
0.367
0.308
0.396

Med
0.011
838.000
0.001
24.137
1.099
0.035

Std. Dev
0.084
690.615
0.005
40.209
1.319
0.086
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The parameter estimates of the model can be seen in Table 5.3 below.
Table 5-3: Parameter Estimates of Model 1: Total Energy Consumption
Variable
Intercept
UF 2
UF 3
UF 4
UF 5
UF 6
UF 8
TB 2
TB 3
TB 4
TB 5
TB 6
TB 7
TB 9
TB 10
TB 12
TB 13
TB 14
TB 15
AS 1
AS 4
HA 1
HA 2
SD 1
SD 2
SD 3
SD 4
RSquare
RSquare Adj
Root Mean
Square Error
Mean of
Response
N

Estimate
14.93970
0.92641
0.00016
-12.21259
-0.00272
0.10707
-0.59143
-0.18543
-0.54815
0.21701
-0.40501
0.33492
0.41796
-0.13232
0.15131
0.36764
0.68898
0.45848
0.22040
0.19890
-0.12632
-0.26076
-0.13027
0.37950
0.27113
-0.21630
-0.15594
0.2594
0.2510
1.3065
16.4564
2303

Std Error
0.17628
0.41538
0.00005
5.11007
0.00092
0.02279
0.32201
0.09036
0.07919
0.06031
0.05924
0.06754
0.10032
0.07855
0.06379
0.09040
0.12670
0.10248
0.05810
0.05988
0.06301
0.08545
0.05875
0.05645
0.06980
0.07412
0.06165

t Ratio
Significance VIF
84.75
.
***
2.23
1.66
*
3.57
1.29
**
-2.39
1.05
**
-2.97
1.82
**
4.70
1.22
***
-1.84
1.03
*
-2.05
1.07
*
-6.92
1.08
***
3.60
1.22
**
-6.84
1.14
***
4.96
1.35
***
4.17
1.37
***
-1.68
1.30
*
2.37
1.25
*
4.07
1.12
***
5.44
1.43
***
4.47
1.39
***
3.79
1.07
**
3.32
1.14
**
-2.00
1.12
**
-3.05
1.07
**
-2.22
1.16
*
6.72
1.07
***
3.88
1.53
***
-2.92
1.58
**
-2.53
1.23
*
Significance Legend
*** Significant at 1%
** Significant at 5%
* Significant at 10%
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For the Total BTU model, 26 independent variables were found to be significant. The variable
U.F. 2 had a positive correlation with the dependent variable. This result makes intuitive sense as
the larger the discrepancy between the area's employment accessibility and the region's
accessibility, the further a resident might have to travel to access employment opportunities. U.F.
3, a land-use variable that depicts developed open spaces, also has a positive correlation with the
dependent variable, which can be attributed to people living away from the city center and
having to travel more to access opportunities. U.F. 4 that captures destination accessibility has a
negative correlation with the dependent variable. This result is also intuitive as an area with high
access provides closer proximity to more destinations, resulting in shorter trips and potentially
affecting mode choice. U.F. 6 has a positive correlation with the dependent variable, which
might capture the distance of travel due to the actual trips to the grocery store. The variable can
also capture the general accessibility of the area as well.
Turning to the variables related to travel behavior, T.B. 2 has a negative correlation with the
dependent variable as the respondents take energy consumption as an important factor during
mode choice. T.B. 3 has a negative correlation with the dependent variable as it depicts the
respondents who do not schedule recreation or leisure trips during a typical week. T.B. 4 has a
positive correlation with the dependent variable as it corresponds to respondents who disagree
with their ability to use non-motorized modes. This measure might capture perceived or actual
restrictions of the respondents, but in any case, the stated limitation implies that the respondent
are not able to reduce their energy consumption by relying on non-motorized modes. T.B. 5 has a
negative correlation with the dependent variable. This result makes intuitive sense as these
respondents who have one or fewer motorized vehicles available to them for use likely drive less
than respondents who have more than 1 motorized vehicle available to them to use. T.B. 6 has a
positive correlation with the dependent variable as driving is the only mode choice for commute
for respondents in this category. T.B. 7 has a negative correlation with the dependent variable in
model 1, which can be explained by the fact that public transit consumes less energy per capita
while compared to driving a personal vehicle. T.B. 9 has a negative correlation with the
dependent variable as it depicts respondents who use non-motorized modes in their daily
commute. T.B. 10 has a positive correlation with the dependent variable as it suggests that
respondents who have a favorable opinion about driving might be more car-dependent and spend
more transportation-related energy consumption annually than those who do not. Respondents
28

who use ride-sharing services (T.B. 12) also spent more total BTUs according to model 1; this
result can be attributed to them being frequent use of rideshare, and the fact that ride-sharing is
not the most fuel-efficient mode for travel. Respondents who have a driving license (T.B. 13)
and respondents who only use driving as a mode choice for running errands (T.B. 14) also spend
more TBTUs than others. Respondents who value waiting time as important when chosing a
mode (T.B. 11) also spent more transportation energy than those who do not. This result can be
attributed to them choosing motorized and private modes to reduce waiting and travel time.
Regarding the area satisfaction variables, respondents who were very satisfied in the area that
they lived in (AS 1) also spent more energy. Although counterintuitive, this result might be an
indication of several possibilities. For example, it is possible that residential location choices are
not driven by the accessibility of an area, rather by other factors. In addition, this result might
capture a relationship between the underlying ability of certain people to choose a neighborhood
of their satisfaction and their travel behaviors as well as vehicle type choice. Furthermore,
respondents who are satisfied with the amount of green space (AS 4) and parks in their area
spend less transportation energy, likely because they walk or bike more than respondents who
live in areas with inadequate green space.
Turning to the variables related to health and activity characteristics, respondents who rarely
exercised (H.A. 1) and respondents who do not have a single long-term health issue (H.A. 2) also
spent less transportation energy than their counterparts. Finally, male respondents (SD 1) spent
more energy than female respondents. Employed respondents (SD 2) spent more energy, while
retired or self-employed respondents (SD 3) spent less. Finally, respondents who have two or
more characteristics related to transport disadvantage (SD 4) spent more energy than the rest of
the respondents.
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5.4

Model 2: Driving Transportation-Related Energy Consumption

The dependent variable for the second model was LOG[BTUDR] which is the logarithm of
BTUs responsible for respondents personally driving their vehicles which accounted for the
transportation-related energy consumption due to driving their personal cars or official cars for
personal use. The output was an annual number that was taken directly from the energy
calculator. Figure 5.2 below shows some of the descriptive breakdowns of the variable.

BTUDR
Summary Statistics
Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

65382760
748857506
16376545
97498797
33266722
2091

Log[BTUDr]
Summary Statistics
Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

16.465356
1.4365588
0.0314157
16.526965
16.403746
2091

Figure 5-2: Histogram and Descriptive Statistics of The Driving Energy Consumption
The distribution of driving energy consumption is left-skewed, as was the total energy
consumption. Therefore it was decided to use the log format of the BTUDr to estimate the
second regression model. The summary statistics of the LOG[BTUDr] variable can also be seen
in Figure 5.2 below the distribution.

30

The descriptive statistics of the independent variables used in Model 2 are in Tables 5.4 and 5.5.
Table 5.5 has both the continuous and the indicator variables that were created for the analysis,
while Table 5.6 has the two categorical variables used (T.B. 1 and T.B. 11) and their descriptive
statistics separately.
Table 5-4: Descriptive Statistics of Independent Variables Used in Model 2: Driving Energy
Consumption
Variable
UF 1
UF 2
UF 3
UF 4
UF 5
UF 6
UF 7 (IND)
TB 2 (IND)
TB 3 (IND)
TB 4 (IND)
TB 5 (IND)
TB 6 (IND)
TB 7 (IND)
TB 8
TB 9 (IND)
TB 10 (IND)
AS 1 (IND)
AS 2 (IND)
AS 3 (IND)
AS 4 (IND)
HA 1 (IND)
SD 1 (IND)
SD 2 (IND)
SD 3 (IND)

Mean
0.132
0.053
947.677
0.004
37.804
0.981
0.258
0.108
0.142
0.562
0.381
0.727
0.094
11.851
0.172
0.693
0.391
0.180
0.284
0.715
0.121
0.473
0.387
0.314

Med
0.007
0.010
850.318
0.001
23.455
1.099

Std. Dev
0.969
0.083
691.563
0.005
39.975
1.305

0.000

52.550

Table 5-5: Descriptive Statistics of Categorical Independent Variables Used in Model 2: Driving
Energy Consumption
Variable

TB 1

Level
1
2
3
4
5

Prob
0.122
0.191
0.343
0.232
0.111

Variable

TB 11

Level
1
2
3
4
5

Prob
0.180
0.162
0.275
0.247
0.135
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The parameter estimates of model 2 can be seen in Table 5.6 below.
Table 5-6: Parameter Estimates of Model 2: Driving Energy Consumption
Variable
Intercept
UF 1
UF 2
UF 3
UF 4
UF 5
UF 6
UF 7
TB 1 [1]
TB 1 [2]
TB 1 [3]
TB 1 [4]
TB 2
TB 3
TB 4
TB 5
TB 6
TB 7
TB 8
TB 9
TB 10
TB 11 [1]
TB 11 [2]
TB 11 [3]
TB 11 [4]
AS 1
AS 2
AS 3
AS 4
HA 1
SD 1
SD 2
SD3
RSquare
RSquare Adj
Root Mean
Square Error
Mean of
Response
N

Estimate
15.7751
-0.1732
1.1228
0.0001
-24.4453
-0.0028
0.1102
0.1932
-0.1648
0.0034
-0.0436
0.0967
-0.3173
-0.5814
0.2379
-0.3043
0.3499
0.2689
0.0033
-0.1747
0.1541
0.0416
0.0684
0.0575
0.1684
0.2274
-0.2637
-0.1826
-0.1691
-0.2011
0.5027
0.2751
-0.2272
0.2468
0.2337
1.2375
16.4510
1873

Std Error
0.1481
0.0637
0.4767
0.0001
6.5549
0.0010
0.0244
0.0817
0.0724
0.0604
0.0499
0.0579
0.1055
0.0848
0.0638
0.0619
0.0714
0.1249
0.0006
0.0883
0.0646
0.0980
0.0896
0.0806
0.1040
0.0652
0.0864
0.0741
0.0681
0.0912
0.0600
0.0738
0.0766

t Ratio Significance
106.50
***
-2.72
**
2.36
*
2.99
**
-3.73
**
-2.89
**
4.51
***
2.37
*
-2.27
**
0.06
-0.87
1.67
-3.01
**
-6.85
***
3.73
***
-4.92
***
4.90
***
2.15
**
5.92
***
-1.98
**
2.39
**
0.42
0.76
0.71
1.62
3.49
***
-3.05
***
-2.47
**
-2.48
**
-2.20
**
8.38
***
3.73
***
-2.97
**
Significance Legend
*** Significant at 1%

VIF
.
1.20
1.84
1.31
1.57
1.86
1.25
1.57
1.46
1.28
1.18
1.27
1.19
1.08
1.20
1.09
1.24
1.21
1.03
1.21
1.10
1.78
2.24
1.85
1.50
1.24
1.28
1.29
1.14
1.08
1.09
1.56
1.60

** Significant at 5%
* Significant at 10%
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The effect tests and F ratios for Model 2 can be seen in Table 5.8 below.
Table 5-7: Effect Tests for Categorical Independent Variables of Model 2: Driving Energy
Consumption
Source Nparm
TB 1
4
TB 11
4

DF

Sum of Squares
4
12.502
4
17.116

F Ratio
2.041
2.794

Prob > F
0.086
0.025

For the Log[BTUDr] model, 26 significant independent variables were found. As can be seen
from Tables 5-3 and 5-6, the results of Models 1 and 2 are very similar.
As in Model 1, U.F. 2, 3, and 6 had a significant and positive association with energy
consumption. Furthermore, U.F. 4 and 5 had a significant negative association with energy
consumption. Two additional urban form variables were found significant in Model 2
Respondents whose homes were within 15 minutes drive of industrial jobs (U.F. 1) spent less
energy; this could mean that they could be employed in those industrial jobs and did not have to
travel far for their commute. Respondents who lived in large rural towns (U.F. 7) spent more
driving BTUs than others; this result could be attributed to large rural towns having business
districts that are less dense than urban cores, so residents in LRTs need to travel further than
most other RUCA codes to do routine activities.
As in Model 1, T.B. 2, 3, 5, and 9 had a significant and negative association with energy
consumption. Furthermore, T.B. 4, 6, 7, and 10 had a significant positive association with energy
consumption. Three additional travel behavior variables were found significant in this model.
Respondents who indicated that they could not replace their current vehicle with a more fuelefficient one (T.B. 1) spent more energy, which could be because their current vehicle is not
fuel-efficient and they do have the resources to replace it. T.B. 8 has a positive correlation with
the driving BTUs, which may be because respondents alternate carpool duties with friends or
family and therefore increase their driving BTUs. Furthermore, respondents who indicated that
waiting time (T.B. 11) was an important factor in mode choice for short trips spent more driving
BTUs (as in Model 1).
Like in Model 1, respondents who are very satisfied with the area they live in (AS 1) also spend
more energy, and, on the contrary, those who are satisfied with the amount of green space and
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parks (AS 4) in their area spend less. In addition, in this model it was found that respondents who
are satisfied with the pedestrian infrastructure (AS 2) and the public transportation (AS 3) in the
area where they live spend less driving BTUs. This result can be explained by the potential that
these aspects of their area encouraged the use of non-motorized modes for travel.
Finally, the individual characteristics seemed to have a similar effect on driving consumption as
they had to total energy consumption, although there was no significant evidence that transport
disadvantage characteristics (SD4) and absence of long-term health issues (HA2) are strongly
associated with driving consumption.
5.5

Model 3: Shared-Modes Transportation-Related Energy Consumption

BTUShr
Summary Statistics
Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

10075523
19474314
623038.49
11298172
8852873.9
977

Log[BTUShr]
Summary Statistics
Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

15.010438
1.5874859
0.0507882
15.110105
14.910771
977

Figure 5-3: Histogram and Descriptive Statistics of The Shared-Modes Energy Consumption
The dependent variable for the third model was LOG[BTUSHr], which is the logarithm of BTUs
responsible for respondents using shared modes, including long-distance travel transportation34

related energy consumption. The output was an annual number taken directly from the energy
calculator. Figure 5.3 above shows some of the descriptive breakdowns of the variable. Table 5.8
shows the descriptive statistics of the independent variables used in Model 3.
Table 5-8: Descriptive Statistics of Independent Variables Used in Model 3: Shared-Modes
Energy Consumption
Variable
UF 9
UF 10
UF 11
UF 12 (IND)
UF 13 (IND)
TB 5 (IND)
TB 12 (IND)
TB 14 (IND)
TB 16 (IND)
TB 17 (IND)
TB 18 (IND)
TB 19 (IND)
AS 1 (IND)
AS 2 (IND)
AS 5 (IND)
AS 6 (IND)
SD 5 (IND)
SD 6 (IND)
SD 7 (IND)
SD 8 (IND)

Mean
0.241
7.428
0.205
0.380
0.128
0.410
0.115
0.890
0.085
0.121
0.434
0.018
0.378
0.184
0.134
0.215
0.339
0.685
0.352
0.202

Med
0.017
0.756
0.189

Std. Dev
0.613
13.873
0.111
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Table 5.9 below presents the parameter estimates for variables used in Model 3.
Table 5-9: Parameter Estimates of Model 3: Shared-Mode Energy Consumption
Variable
Intercept
UF 9
UF 10
UF 11
UF 12
UF 13
TB 5
TB 12
TB 14
TB 16
TB 17
TB 18
TB 19
AS 1
AS 2
AS 5
AS 6
SD 5
SD 6
SD 7
SD 8
RSquare
RSquare
Adj
Root Mean
Square
Error
Mean of
Response
N

Estimate
14.4872
0.1452
-0.0104
-0.8066
0.1880
0.2512
-0.3439
0.4148
0.3426
0.5479
0.2843
0.3102
1.4805
0.2835
-0.2808
-0.3472
0.3027
0.3404
-0.2367
0.2605
-0.2210
0.1853
0.1683

Std Error
0.2249
0.0736
0.0034
0.4511
0.1052
0.1391
0.1025
0.1156
0.1352
0.1317
0.1318
0.1093
0.2559
0.1073
0.1243
0.1402
0.1220
0.1028
0.1113
0.1082
0.1208

t Ratio
Significance
64.41
***
1.97
*
-3.07
**
-1.79
*
1.79
*
1.81
*
-3.36
**
3.59
**
2.53
*
4.16
***
2.16
*
2.84
**
5.79
***
2.64
**
-2.26
*
-2.48
*
2.48
*
3.31
**
-2.13
*
2.41
*
-1.83
*
Significance Legend

VIF
.
1.28
1.25
1.21
1.28
1.06
1.19
1.12
1.22
1.19
1.04
1.25
1.05
1.24
1.20
1.19
1.17
1.14
1.32
1.26
1.07

*** Significant at 1%
** Significant at 5%

1.4478
15.0104
977

* Significant at 10%
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For Model 3, 20 independent variables were found to be significant. As can be seen from the
results tables, this model's structure was noticeably different from the total and the driving
energy consumption. Nevertheless, the results were comparable.
Respondents who lived in locations where the network density in terms of auto-oriented links per
mile (U.F. 9) was high spent more Shared BTU (BTU from Shared modes), this could be due to
such conditions promoting the use of automobiles as a popular mode choice as opposed to nonmotorized modes such as walking. On the other hand, respondents who lived in areas with a high
rate of pedestrian intersections (U.F. 10) and a high ratio of developed open space spent less
energy, as they probably walked more than using motorized modes of transport. Respondents
who lived on the West Coast (U.F. 13) and in Urban Clusters (based on the RUCA codes ) (U.F.
12) spent more Shared BTUs annually than others. This result can be explained due to the
increased offering of public transport services as well as ride-hailing and taxicab services in
those areas.
Turning to the travel behavior variables, T.B. 5 is negatively associated, while T.B. 12 and T.B.
14 are positively associated with the dependent variable, which is consistent with the result of the
two previous models. Furthermore, respondents who used demand response services (T.B. 19),
or fixed-route buses (T.B. 16) as mode choices for regular travel during the week spent more
shared BTUs.
Additionally, similar to the results of Model 2, A.S.1 was found positively associated and A.S.2
was found negatively associated with energy consumption. In addition, respondents who enjoyed
urban settings (AS 5) spent more energy, which could be explained based on the fact that there
are more activities to do in urban settings than rural ones, which might result in increased travel,
but also, shared mode services might be more prevalent.
Finally, regarding the characteristics of the respondents, no common characteristics were found
among this and the previous models. The results suggest that lower-income individuals (SD 6)
consume less shared-mode BTUs, probably because they have fewer resources to spend on
travel. Respondents who feel that they live comfortably on their present income (SD 7), on the
other hand, spent more energy. Finally, respondents who have mobility or visual impairments
(SD 8) consume less shared BTUs, perhaps due to potential travel restrictions and the
inaccessibility of public transit and/or other shared-mode services.
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6 Concluding Remarks
Understanding the factors influencing transport-related energy consumption, especially at the
individual level, is essential to devise proper policies for systematic reduction of energy
consumption. This thesis assessed the influences of urban form, respondents' travel behavior
characteristics, satisfaction levels in the living areas, health/activities, and socio-demographic
characteristics on transport-related energy consumption. Three linear regression models were
estimated, where the energy consumptions of survey participants were used on a logarithmic
scale considering the heavily skewed pattern of the energy consumptions.
Among the subgroups of variables explored in this study, various urban form variables, travel
behavior variables, area satisfaction variables, and socio-demographic variables were found
significant in the three models explored. Strong evidence was found on the associations between
all of these factors with the total transportation-related energy consumption and the driving or
shared-mode consumptions. The total BTU model (Model 1) and the driving BTU model (Model
2) were very similar in terms of their structure. The two models also had similar R-squared
values. Model 1 explained approximately 26% of the variability of the total energy consumption,
while Model 2 explained approximately 25% of the variability of the driving energy
consumption. The Shared BTU model differed from the first two models and had a lower Rsquared value. Model 3 explained approximately19% of the variability of the shared-mode
energy consumption. The low R-squared value can be explained due to measuring human
behavior (Frost, 2017). Past research exploring transportation-related energy consumption using
linear regression has resulted in lower R-squared values (see, for example, Barla et al., [2011]).
In terms of urban form, this research found a direct association between different measures of
urban form and energy consumption. Like previous studies, this research found evidence of the
association between higher densities (especially employment) and lower energy consumption. In
addition, different land uses were linked with higher (i.e., developed open space) or lower (i.e.,
undeveloped open space) consumption. Finally, this is the first study that explored rurality and
found an association between different levels of rurality and transportation consumption.
Specifically, the energy consumption through driving was found on average higher in large rural
towns, while the energy consumption through shared modes was found on average higher in
urban clusters.
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In terms of individual attitudes, this research is unique because it explores several attitudes that
can affect transportation-related energy consumption. For example, the research found strong
evidence supporting the fact that a higher perceived value of waiting time in mode choice is
associated with higher energy consumption. On the other hand, as expected, individuals who
value energy consumption and environmental impact as an important factor affecting their mode
choice decisions consume, on average, less transportation-related energy. Furthermore, an
individual's satisfaction with different area characteristics was found to be strongly associated
with energy consumption. For example, higher satisfaction with the residential access to green
spaces, public transit, and pedestrian infrastructure was associated with lower transport energy
consumptions.
Finally, in terms of socioeconomic and demographic characteristics, this study confirms the role
of individual characteristics. For example, it was found that male respondents used more energy
than female respondents. The finding is in line with the previous studies (Hickman & Banister,
2007; Räty & Carlsson-Kanyama, 2010; Barla et al., 2011; Liu & Shen, 2011). Additionally,
low-income was found to contribute to lower energy consumption, as found in the literature (see,
for example, Lee and Lee [2014]). Education was also found significant, although there was no
evidence of associations between education levels and energy consumption in some of the
previous studies explored (see, for example, Lee and Lee [2014]).
The results of this research can help planners and policymakers to develop policies that can
reduce transportation-related energy consumption. For example, based on the above insights,
policies that promote green space or enhance pedestrian infrastructure and/or public transport
services can potentially impact energy consumption. Additionally, as the findings of this study
suggested, travel behaviors and mode choice decisions strongly affect transportation-related
energy consumption. Usage of private automobiles for longer trips among the public could be
discouraged by transportation demand management policies such as roadway pricing,
congestion-free high occupancy vehicle lanes, etc. Government subsidies could be directed to
public transit development (Fang et al., 2012). In addition, expensive vehicles taxes and driver
licensing could be implemented to reduce the purchase and usage of the private automobile
(Chinese Academy of Engineering et al., 2003).
There are some limitations that should be discussed herein. First, noticeably less of the
variability of the shared-mode energy consumption was explained by the estimated model. This
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could indicate that there are additional unobserved factors that might impact the transportationrelated energy consumption of shared-transportation modes. In the future, studies should be
designed to systematically explore the shared modes' energy consumption to find breakthroughs
to reduce energy consumption at a systemic level in public transit. In addition, there was some
evidence of cross-effects in the three models developed. For example, the distance traveled using
carpooling as a passenger was associated with the driving energy consumption. In addition, there
are likely common unobserved characteristics that impact all three transportation-related energy
consumption measures explored in this research. Future studies could explore a system of
equations to address these potential factors.
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